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Abstract 
This paper presents a feedback control optimization framework for a sensor development and fabrication process. The existing 
sensor adaptive neuro-fuzzy inference system intelligent model was configured in a closed-loop feedback control framework to 
optimally automate the sensor manufacturing process. Three main sensor manufacturing components were assumed to be the 
process inputs while the sensor relative optical density was considered as the output in the sensor intelligent model.  
The optimization and automation of the phenol sensor development were investigated by designing two controllers in a closed 
loop control tracking problem. Although the closed loop framework was inherently nonlinear, sensor design parameters with 
practical significance were successfully achieved for both types of controllers. The fuzzy logic controller receives the closed loop 
system error and the error rate and generates the incremental changes on the three sensor process inputs. The second controller is 
a proportional-integral-derivative type that processes each manufacturing process input and that manipulates the closed loop 
system error to produce the actual sensor process inputs.  
The numerical results for the proposed frameworks demonstrate that the sensor automation and design optimization can be 
enormously improved in closed loop control frameworks, eliminating the need of tedious trial-and-error sensor development 
process.
  Published by Elsevier B.V. 
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I. INTRODUCTION 
Sensor development and manufacturing efficiency have been at the focus of recent research efforts due to a 
widespread usage of different types of sensors and a need for fast test results. Phenol, an organic molecule, is widely 
used in a number of industries such as automotive industry [1] and is discharged to the environment, diffusing in 
water or air [2]. Instead of collecting samples in the field and consequent laboratory processing, portable phenol 
sensors in a variety of forms such as thin films can easily eliminate the overhead during the testing process in terms 
of time and effort [3]. Furthermore, traditional trial-and-error approach for sensor development, numerical 
manufacturing parameter analysis, nonlinear dynamics, and iterative improvements, and large dimensional data 
processing for optimal sensor input parameters can be eliminated by using intelligent models and nonlinear feedback 
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Fig. 1. The Phenol sensor experimental input-output data for 
the ANFIS intelligent model training and validation. 
control frameworks, increasing the sensor manufacturing efficiency and performance.  
Fuzzy logic based process-modeling as well as controllers and traditional proportional-integral-derivative (PID) 
controllers in nonlinear closed loop control frameworks offer a valuable opportunity to overcome the sensor 
performance degradation during design and fabrication. Fuzzy logic [4] approach incorporates the brain inference 
logic in mathematical structures via input-output fuzzy sets, rules, and membership functions, and produces 
favorable performance results when mathematical input-output relationships are not accurate, are highly nonlinear, 
or are likely resulting in intractable solutions [5]. The adaptive neuro-fuzzy inference system (ANFIS) modeling 
framework has successfully been applied to obtain nanostructural behavior of a humidity sensor [6], to proactively 
predict the paint thickness of a vehicle [7], to characterize a phenol sensor [8] and to optimize the fabrication 
parameters of a type of nanoscale sensors [9]. A control system with an intelligent sensor model implementation was 
achieved in a damage mitigation optimization system [5] while a gas tungsten arc welding process was regulated by 
using a combination of a non-linear self-tuning and a fuzzy logic controller [10]. Moreover, PID controllers have 
also been widely used in industrial processes due to ease of use and sufficiency in variety of practical applications. 
The controller synthesis is done by determining the coefficients of each controller term to improve stability, 
transient response behaviors, and steady-state characteristics of a process. PID controllers have been used in many 
process control industries such as during the rapid thermal processing step in integrated circuit manufacturing [11] 
and in a laser remanufacturing quality control with a fuzzy PID control system [12]. Moreover, feedback control 
frameworks have been utilized to optimize operating conditions as intelligent sensor feasibility was investigated for 
different plant input optimization scenarios [5].  
This research proposes an optimization framework for a phenol sensor design and manufacturing process, via its 
ANFIS model, by utilizing a PID or an intelligent controller. The feedback control optimization frameworks are 
formulated as tracking problems to achieve the desired sensor output values based on the implied practical sensor 
manufacturing control input values. The numerical results verify the PID and fuzzy logic controllers as effective 
types of potential controllers during the sensor development and fabrication. The presentation introduces the sensor 
manufacturing design approaches in Section I, followed by Section II that reviews the phenol sensor intelligent 
model development via the ANFIS approach. The feedback control optimization framework design procedures for a 
fuzzy logic controller and a PID controller are given in detail in Section III. Section IV both concludes the study and 
proposes several potential ideas for future work. 
II. BACKGROUND 
  This section reviews the Phenol sensor intelligent fuzzy modeling approach [6, 8]. Fuzzy logic uses natural 
reasoning to represent systems, defines system variables by 
using membership functions and dictates the system 
behavior by using fuzzy inference rules.  Any input-output 
data can be mapped to a black-box fuzzy system model via 
adaptive algorithms such as ANFIS [13] that develops an 
intelligent model in terms of fuzzy membership sets and 
inference rules, and the neural network back propagation 
algorithm with or without a least squares algorithm, by 
using a limited time-domain data, when no a-priori data 
about the system dynamics or membership functions are 
available. The Matlab ANFIS option [14] focuses on 
Sugeno-Takagi fuzzy models of multi-input single-output 
systems, with membership function numbers and types to 
be determined. 
The intelligent model training and validation data set was 
obtained from sensor manufacturing and behavioral results.  
There were 16 different measured process conditions, 13 experimental and 3 test data sets as shown in Fig. 1, to 
capture the structure of the sensor. The Gibbs concentration, nanoparticle concentration and phenol concentration 
sensor manufacturing input amounts were changed between 0.025-0.25 uM, 0.01-0.04 mol/L, and 6-50 Vol%, 
respectively, to verify the satisfactory sensor relative optical density (ROD) values that were observed at a particular 
time during the sensor manufacturing.   
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Fig. 3.  The fuzzy logic 
controller representation. 
           (a)
           (b) 
Fig.  4.  The fuzzy logic 
controller input fuzzy sets 
and membership functions; 
(a) The error and (b) The 
Fig.2.  The fuzzy logic feedback control system block diagram. 
            (a)
            (b) 
               (c) 
Fig. 5.  The fuzzy 
logic controller 
output fuzzy sets and 
membership 
functions; (a) The 
Gibbs concentration, 
(b) The Nanoparticle 
concentration, and 
(c) The Phenol 
concentration.
III. FEEDBACK CONTROL SYSTEM FRAMEWORKS 
The phenol sensor intelligent model was used to design two different types of controllers in a closed-loop unity 
feedback control system. A fuzzy and a PID controller configurations were utilized to achieve desired sensor output 
performances for a nonlinear fuzzy ANFIS model of the phenol sensor. 
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The fuzzy logic controller was used 
for the phenol sensor manufacturing 
process, as shown in Fig. 2. The 
sensor manufacturing process 
optimization was done by assuming 
various constant ROD step reference 
inputs and by determining the desired 
manufacturing input parameters. 
The fuzzy logic controller was 
designed by using the phenol sensor 
manufacturing principles and was 
implemented by using two inputs, i.e., the feedback control 
system error and error rate that is numerically calculated 
via the 1)1( 1] discrete-time transfer function, and 
using three outputs, namely, the Gibbs concentration, 
Nanoparticle concentration and Phenol concentration 
incremental variations, as shown in Fig. 3. 
The fuzzy logic controller input error and error rate variables 
were fuzzified by using five membership functions with different 
types, as shown in Fig. 4, with the final characteristics obtained 
after a number of trials. The fuzzy sets associated with each 
membership function are the same for the inputs and outputs, 
i.e., VN denotes ‘very negative’, N denotes ‘negative’, P denotes 
‘positive’, and VP denotes ‘very positive’ membership sets for 
each variable. 
The fuzzy logic controller outputs, i.e., the incremental changes in three sensor 
manufacturing control inputs, were also fuzzified by using five membership functions with 
different types, as shown in Fig. 5. The incremental change amounts present a dilemma 
during the controller design such that larger increment amounts likely generate overshoots or 
highly oscillatory responses while smaller increment amounts likely result in slow output 
responses and larger settling times.  
The illustrative ten inference rules, given in Fig. 6, for the fuzzy logic controller were 
developed by using the practical sensor manufacturing experiences. The fuzzy logic 
controller performance is expected to increase as higher numbers of proper inference rules 
are included. But, determination of accurate rules may also complicate the fuzzy logic 
controller design and overall fuzzy inference rule development efforts. However, the rule 
viewer input is expected to support the rule development by providing a visual tool to 
evaluate the marginal effects of each additional rule, with the final goal of sufficient number 
of rules ensuring satisfactory closed loop system operations.  
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Fig. 6. The fuzzy logic controller inference rules. 
Fig. 7.  The phenol sensor manufacturing 
feedback control system input-output 
responses with a fuzzy logic controller.
(a)                     (b) 
Fig. 8.  The sensor manufacturing process a) 
Fuzzy logic controller linear type outputs; and, 
b) Intelligent model practical inputs. 
Since the fuzzy rules generated incremental 
variations in the controller output variables based 
on the input variable values, the actual sensor 
manufacturing inputs were determined by using 
the ))1(( ]]  discrete-time transfer functions, 
yielding )()1()( NXN\N\  as the 
corresponding difference equation for the three 
sensor manufacturing inputs, where y(k) denotes 
the manufacturing input and u(k) denotes the 
amount of increment or decrement for the current 
kth step. Also, the initial response of the nonlinear feedback control system was made satisfactory by setting the 
initial outputs of each controller variables to 0.001, 0.001, and 16.5 for the Gibbs, Nanoparticle, and Phenol 
concentrations, respectively, via setting the initial output of the discrete transfer functions in Fig. 2.  
The fuzzy logic controller assumes no bounds for the sensor process inputs and the output. Thus, hardlimiters 
were placed on each physical sensor manufacturing input variable to ensure practical significance of the 
optimization results. The Gibbs concentration hardlimiter lower and upper bounds were set to 0.0001 and 0.3, 
respectively,  i.e., the Gibbs concentration variable was allowed to change linearly between the bounds while the 
same variable is limited to the 0.0001 for values smaller than the lower bound and 0.3 for values larger than the 
higher bound. Similarly, the nanoparticle concentration hardlimiter lower and upper bounds were set to 0.001 and 
0.05, respectively. The phenol concentration hardlimiter bounds were 0.1 and 100, respectively, while the sensor 
output relative optical density (ROD) hardlimiter bounds were set to 0 and 100, respectively. Furthermore, the 
phenol sensor manufacturing process duration for each input variations was set to 1 second to reflect satisfactory 
chemical reaction times.  
The feedback control system performance with a fuzzy logic controller 
and an ANFIS sensor model for a variety of step reference changes is 
illustrate in Fig. 7, where the desired ROD of the sensor was achieved for 
the manufacturing output with a relatively short settling time. The 
attempts to minimize the settling time or to improve the overall response 
via different membership function values and types generated either 
comparable performance achievements or unstable system responses for 
the nonlinear control system. 
The fuzzy logic 
controller effect on the 
sensor manufacturing 
process control inputs were 
also examined under linear and saturation type behaviors. Fig. 8-a 
presents the implied fuzzy logic controller outputs for each process 
input while Fig. 8-b contains the practical process control inputs 
applied to the phenol sensor ANFIS model. Although the linear type 
behavior requires hypothetical variations on the process control inputs, 
the hardlimiters effectively provide reasonable values for each control 
input with satisfactory ROD output responses. 
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The PID controller was used for each input of the phenol sensor optimization process, as shown in Fig. 9. The 
sensor manufacturing optimal values were obtained by assuming various ROD step reference inputs and by 
determining the desired sensor manufacturing process input parameters. 
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Fig. 9.  The PID feedback control system block diagram. 
Table 1. The PID Controller 
Parameters for Each Input of the 






















Fig. 10.  The phenol sensor manufacturing 
feedback control system input-output 
responses. 
                     (a)                                     (b) 
Fig. 11.  The sensor manufacturing process a) PID 
controller outputs; and, b) Intelligent model inputs.
Three PID controllers were 
placed for each input of the 




..V* GLS  )(  as the 
transfer function of a PID 
controller, where .S denotes the 
proportional controller 
parameter, .L denotes the 
integral controller parameter, 
and .G denotes the derivative 
controller parameter, the Gibbs 
concentration plant input, the 
Nanoparticle concentration plant 
input, and the Phenol 
concentration plant input paths 
had their controller parameters adjusted to specific values to achieve a stable and 
satisfactory closed loop operation. A satisfactory system response was obtained 
after a number of attempts with the set of final PID controller parameters given in 
Table 1. 
Since the PID controller assumes a linear environment with respect to the 
amount of process inputs and the output, hardlimiters were placed on each physical 
sensor process manufacturing input variable to ensure practical significance of the 
optimization results. The Gibbs concentration hardlimiter lower and upper bounds 
were set to 0.0001 and 0.3, respectively, i.e., the Gibbs concentration variable was 
allowed to change linearly between the bounds while the same variable is limited to 
the 0.0001 for values smaller than the lower bound and 0.3 for values larger than 
the higher bounds. Similarly, the 
nanoparticle concentration 
hardlimiter lower and upper 
bounds were set to 0.001 and 0.05, respectively and the phenol 
concentration hardlimiter bounds were 0.1 and 100, respectively, 
while the sensor output relative optical density hardlimiter bounds 
were set to 0 and 100, 
respectively. Furthermore, 
the phenol sensor 
manufacturing process 
duration for each input 
variations was set to 1 
second to reflect 
satisfactory chemical 
reaction times.  
The feedback control system performance with a PID controller and the 
intelligent ANFIS model for a variety of step reference changes is illustrate 
in Fig. 10, where the desired ROD of the sensor was followed for the 
manufacturing output with a large settling time. The attempts to minimize 
the settling time via the derivative controller terms of each process input yielded either comparable results or mostly 
unstable system responses for the non-linear control system. 
The feedback control system sensor manufacturing process control inputs were also examined under linear and 
saturation cases. Fig. 11-a presents the implied PID controller outputs for each sensor process input while Fig. 11-b 
contains the sensor process control inputs applied to the phenol sensor ANFIS model. Although the linear model 
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requires varying sensor process control inputs, the hardlimiters effectively provide reasonable values for each 
control input with satisfactory ROD output responses. 
IV. CONCLUSION 
A sensor development and fabrication process optimization framework has been successfully illustrated by using 
a closed loop control system and both a fuzzy logic and a proportional-derivative-integral controller. The numerical 
results have indicated the viability of the proposed framework both in terms of practical significance and in terms of 
nonlinear optimization framework.   
The control optimization framework of the phenol sensor development and fabrication concept will be 
investigated in the experimental setup to validate the theoretical results. Also, the effect of different sensor process 
manufacturing chemical reaction durations can be studied. Furthermore, the proposed optimization framework can 
also be applied to other sensors to explore potential improvements of sensor characteristics and operation efficiency.   
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